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Cell Type-Specific Biomarkers of Systemic Sclerosis Disease
Severity Capture Cell-Intrinsic and Cell-Extrinsic Circuits

Jacob S. Berkowitz," Tracy Tabib,” Hanxi Xiao," Gabrielle M. Sadej,” Dinesh Khanna, (" Patrizia Fuschiotti,?

Robert A. Lafyatis,” and Jishnu Das’

Objective. Systemic sclerosis (SSc) is a multifactorial autoimmune fibrotic disorder involving complex rewiring of
cell-intrinsic and cell-extrinsic signaling coexpression networks involving a range of cell types. However, the rewired
circuits as well as corresponding cell-cell interactions remain poorly understood. To address this, we used a predictive
machine learning framework to analyze single-cell RNA-sequencing data from 24 SSc patients across the severity
spectrum as quantified by the modified Rodnan skin score (MRSS).

Methods. We used a least absolute shrinkage and selection operator (LASSO)-based predictive machine learning
approach on the single-cell RNA-sequencing data set to identify predictive biomarkers of SSc severity, both across
and within cell types. The use of L1 regularization helps prevent overfitting on high-dimensional data. Correlation
network analyses were coupled to the LASSO model to identify cell-intrinsic and cell-extrinsic co-correlates of the
identified biomarkers of SSc severity.

Results. We found that the uncovered cell type-specific predictive biomarkers of MRSS included previously
implicated genes in fibroblast and myeloid cell subsets (e.g., SFPR2+ fibroblasts and monocytes), as well as novel
gene biomarkers of MRSS, especially in keratinocytes. Correlation network analyses revealed novel cross-talk
between immune pathways and implicated keratinocytes in addition to fibroblast and myeloid cells as key cell types
involved in SSc pathogenesis. We then validated the uncovered association of key gene expression and protein
markers in keratinocytes, KRT6A and S100A8, with SSc skin disease severity.

Conclusion. Our global systems analyses reveal previously uncharacterized cell-intrinsic and cell-extrinsic
signaling coexpression networks underlying SSc severity that involve keratinocytes, myeloid cells, and fibroblasts.

INTRODUCTION

Fibrotic skin disease is a sine qua non of diffuse cutaneous
systemic sclerosis (dcSSc), the disease subset more commonly
associated with most severe complications, including sclero-
derma, renal crisis, joint contractures, and interstitial lung disease,
as well as disease-related mortality. Disease markers correlating
with skin disease severity, as assessed by the modified Rodnan
skin score (MRSS), have provided insight into disease pathogen-
esis and biomarkers for clinical trials. In previous studies examin-
ing gene expression in RNA extracted from entire biopsies (bulk
RNA), we have shown that markers of fibroblasts, myofibroblasts,
and macrophages correlate with the MRSS (1-3). These studies
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suggested that macrophage and fibroblast cell populations are
particularly important in promoting disease. Multiple other investi-
gators have analyzed bulk skin gene expression for defining
patient “subsets” and for investigating disease pathogenesis
(4,5). Although algorithms have been developed to deconvolute
bulk gene expression, this approach cannot clearly identify the
heterogeneous fibroblast, vascular, epithelial, glandular, and
inflammatory cell populations in the skin (6,7). In addition, bulk
gene expression cannot tell if a gene is increased because a sta-
ble cell number is expressing higher levels or the cell population
expressing a gene has expanded in number.

Single-cell RNA sequencing provides a more granular view of
gene expression in skin. Clustering of cells enables understanding
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of average gene expression in various cell populations.
By comparing SSc to control cells in the same population, we
and others have elucidated corresponding transcriptomic
changes within cell types of interest (8-10). In this study, we
sought to use single-cell RNA sequencing coupled with multivari-
ate machine learning approaches to delve deeper into cell
type—-specific changes that characterize patients across the dis-
ease severity spectrum. These analyses provide a deeper under-
standing of cell type—specific biomarkers of disease severity,
beyond correlates that stratify disease versus healthy individuals.
These comparisons also focus on granular cell-intrinsic as well
as cell-extrinsic factors and associated interactions linked to dis-
ease severity.

We conceptually extended a predictive machine learning
approach that we had previously used to identify correlates of
natural and vaccine-induced immunity in a wide range of infec-
tious disease contexts including HIV (11-14), malaria (15,16),
and tuberculosis (17). Our approach used a 2-step feature selec-
tion strategy that takes into account the high dimensionality of the
data set and helps avoid overfitting via the use of stringent L1 reg-
ularization. Our goal was to determine a minimal number of cell
type—specific biomarkers that best predict SSc severity as quanti-
fied by the MRSS. While our cohort included healthy controls,
they were not used in the identification of biomarkers of SSc
severity. This is because we were well powered to identify bio-
markers of SSc severity, but not adequately powered with this
cohort to identify differences between healthy individuals and
SSc. Furthermore, correlates that can discriminate between SSc
and healthy individuals are already well characterized. Our study
focuses on the more difficult and underexplored problem of iden-
tifying robust multivariate cell type—specific signatures of SSc
severity.

PATIENTS AND METHODS

Single-cell RNA-sequencing analyses and data
preprocessing. We obtained single-cell RNA-sequencing data
for 24 patients with dcSSc. These patients have been previously
described (9,10). Single-cell RNA-sequencing data from 24 SSc
patients, all obtained using the same 10X Genomics V2 chemis-
try, were processed using a standard analytic pipeline comprising
alignment via Cell Ranger and postprocessing (dimensionality
reduction and clustering) using Seurat version 3.2.2. We used a
systematic set of filters to remove unhealthy cells, dropouts, and
doublets. For the entire data set, we only retained cells that
expressed >200 different genes and had <35% mitochondrial
content. We also filtered to retain cells with <5% hemoglobin con-
tent. These broad filters were applied to all cell types. We also
applied the following additional filters to the primary cell types,
including myeloid cells, fibroblasts, and keratinocytes. To remove
cells with ambient keratin RNA, we filtered the cells so that none
had a percentage of "KRT" gene expression >0.5%. We also

further filtered the percentage hemoglobin (percent.hemo) to only
include cells that had <1% hemoglobin content. The percentage
mitochondrial filter was also more stringently set to only include
cells with <10% mitochondrial content. We also further filtered
so that a cell had to have >1,000 RNA molecules, but <40,000
RNA counts to be retained.

Data analysis was performed using R version 4.00. The clus-
ters were manually assigned based on marker genes. Seurat was
used for identification and visualization of cell populations and for
obtaining normalized gene expression, additionally using the
“AverageExpression” function to calculate the average expres-
sion levels of each gene within an individual cluster per patient.
Clusters with an across-patient average of <20 cells were
excluded from further analysis, as well as the neural cluster.

Least absolute shrinkage and selection operator
(LASSO) model utilizing gene expression levels across
all cell types. For each of the 17 clusters, we focused on the
top 20 high-variance genes (variance calculated across patient
samples). The variance was calculated in an unsupervised fash-
ion, i.e., without looking at labels (MRSS) for these samples. Thus,
we ended up with 340 features for each of the 24 patients. The
20 high-variance genes are unique within their given cell cluster.
However, if a specific gene was selected for 1 cluster, it was still
eligible for selection in other clusters, as some genes could be
important in >1 cluster. We then used a LASSO-based model
with this reduced set of features to identify a minimal set of predic-
tive biomarkers of outcome (MRSS). The model consisted of
LASSO-based feature selection followed by regression using the
down-selected features using a random forest model. Thus, the
LASSO regression coefficients were simply used in an off/on fash-
ion, i.e., features with non-zero coefficients in the LASSO model
were selected and passed to the random forest model. A random
forest using the down-selected features was used for the actual
prediction of MRSS. The use of L1 regularization helps avoid
overfitting on a high-dimensional data set—as even with the
reduced set of features, the number of features far exceeds the
number of samples—and drives sparsity. The objective function
used for model tuning was the Spearman’s correlation coefficient
between true and predicted MRSS. The regularization parameter
(lambda) was tuned using nested cross-validation. We then eval-
uated the performance of the model in a leave-1-out cross-
validation framework with permutation testing as previously
described (11,14-16). We also reported the “final set” of bio-
markers using the entire data set (using the same lambda that
we identified from nested cross-validation). These genes also cor-
respond to the most stable/frequent genes across folds and rep-
licates of cross-validation.

We also built an alternate model where we went through the
same modeling and validation framework with cell type-specific
differentially expressed genes (DEGs) rather than high-variance
genes for the different cell types.
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LASSO model utilizing gene expression levels in
specific cell types. We also built cell type—specific models. For
both fibroblasts and keratinocytes, we focused on the top
300 high-variance genes (variance calculated across patient
samples). Thus, we ended up with 300 features for each of the
24 patients in each cell type. Independent models were built for
each cell type. The model consisted of LASSO-based feature
selection followed by regression using the down-selected fea-
tures using a random forest model. Model performance was
evaluated in a leave-1-out cross-validation framework with per-
mutation testing as previously described (11,14-16).

Correlation networks around LASSO-selected
biomarkers. The LASSO models described identify a
minimal subset of predictive biomarkers. To reconstruct the entire
set of cell type—specific transcripts correlated with outcome, we
used a correlation network approach as previously described
(11,14-16). Briefly, we calculated all pairwise correlations involv-
ing the LASSO-selected biomarkers for each model and visual-
ized only the significant ones (significance defined as |r| >0.5
and false discovery rate <0.05) using a correlation network.

Immunohistochemistry. Multicolor staining was per-
formed on formalin-fixed, paraffin-embedded skin samples using
a tyramide signal ampilification kit (Thermo Fisher). The antibodies
employed in these experiments included S100A8 (product
no. ab92331; Abcam) and KRT6A (product no. ab52120;
Abcam). Confocal images were captured on an Olympus Fluo-
View 1000 confocal microscope using an oil-immersion 100x
objective.

Ethics approval and data availability. Ethics approval
was not applicable to our study. We obtained single-cell
RNA-sequencing data for 24 dcSSc patients. These patients
have been previously described (9,10). Patients and/or the public
were not involved in the design, conduct, reporting, or dissemina-
tion of this research.

Detailed code, associated data sets, and documentation are
available at the authors’ Github page at https://github.com/
jishnu-lab/SSc_biomarker.

RESULTS

Identification of cell types in SSc patients. We sought
to identify a minimal number of cell type—specific biomarkers that
best predict SSc severity as quantified by the MRSS for the sever-
ity of skin disease in patients with dcSSc using a robust single-cell
RNA-sequencing data set (Figure 1). Patient demographics and
clinical features are described in Supplementary Table 1, available
on the Arthritis & Rheumatology website at https://onlinelibrary.
wiley.com/doi/10.1002/art.42536.

We identified 35 unique clusters, consistent with prior expec-
tation (Figure 2A and Supplementary Figures 1 and 5, https://
onlinelibrary.wiley.com/doi/10.1002/art.42536). For downstream
analyses, we filtered out clusters containing <20 cells in each of
the 24 patients. We examined the expression distributions of the
marker genes for each cluster, i.e., the cell type—specific DEGs in
the remaining 17 clusters (Figure 1). Consistent with expectation,
most of the cell type-specific DEGs were uniquely expressed in
that cluster alone, with a few of these genes being expressed in
multiple clusters (Figure 2B and Supplementary Figures 1 and 4).
We examined changes in gene expression in each population of
cells as well as markers of each cell population more likely to
reflect change in cell numbers associated with disease severity.

Cell-extrinsic predictive biomarkers of SSc severity.
We first sought to identify cell-extrinsic biomarkers of SSc severity
(as quantified by MRSS) using a predictive machine learning
approach. We used 20 high-variance genes for each of the clus-
ters as inputs to our model (see methods). We hypothesized that
genes that show variability across patients might serve as good
biomarkers of SSc severity. However, the high-variance genes
were chosen in an unsupervised fashion to avoid any bias or sig-
nal leakage (see methods). Analogous to techniques we have
used in the past, we then used LASSO-based feature selection
followed by classification using the down-selected features
(11-16). The use of L1 regularization helps avoid overfitting on
high-dimensional data. Our model was able to accurately predict
MRSS; it performed significantly better than a model built on shuf-
fled data (i.e., permutation testing) in a cross-validation framework
(Figure 3A).

We applied cross-validation as a rigorous way to evaluate the
predictive performance of the model with data left out. The model
identified a minimal set of 8 cell type-specific predictive
biomarkers that are sufficient to accurately predict MRSS
(Figure 3B). The biomarkers included correlates of both low and
high disease severity, and included gene biomarkers from fibro-
blasts, myeloid cells, pericytes, and keratinocytes (Figure 3B).
Interestingly, several of the LASSO-selected biomarkers were
expressed in multiple cell types (Figure 3C). This suggests that
although the model selected these genes in a specific cell type,
in some cases their expression levels were correlated across mul-
tiple cell types, and the biomarker serves as a surrogate for the
entire correlation block. Thus, these LASSO-selected biomarkers
encapsulate both cell-intrinsic and cell-extrinsic correlates of SSc
severity. Finally, we visualized the power of the down-selected bio-
markers in stratifying patients by disease severity (Figure 3G) using
partial least-squares discriminant analyses. We observed that the
down-selected biomarkers provided clear stratification by disease
severity (Figure 3G). The earlier cross-validation—based analyses
demonstrate the predictive power of the identified features with data
left out. This analysis helps visualize a signature from the whole data
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Figure 1.

Schematic representation of the current study using a least absolute shrinkage and selection operator (LASSO)-based predictive

machine learning (ML) approach on a single-cell RNA (scRNA)-sequencing data set to identify predictive biomarkers of systemic sclerosis severity,

both across and within cell types.

set that can be utilized in downstream applications and that could be
extrapolated to other cohorts.

Next, we sought to compare our predictive model to a model
built on cell type—specific DEGs rather than high-variance genes.
Analogous to our earlier feature construction approach, we used
the top 20 cell type—specific DEGs as inputs to the LASSO model.
The model built on cell type—specific DEGs remained significantly
predictive in a cross-validation framework with permutation
testing (Figure 3D). As in the earlier analysis, the biomarkers
included genes from multiple cell types, including fibroblasts,
myeloid cells, pericytes, and keratinocytes (Figure 3E). However,
by construction, most of these biomarkers were specific to cell
type (Figure 3F). A partial least-squares discriminant analysis
using only these genes also stratified patients by disease severity
(Figure 3H). However, the performance of this model was lower
than the earlier model built using high-variance genes
(Figure 3A). Our results suggest that models that incorporate

gene biomarkers variably expressed within a cell type and/or
across multiple cell types are more predictive than models built
on cell-specific gene biomarkers. Thus, particular genes in spe-
cific cells that manifest high variability in expression across
patients, rather than genes that define cell types, more strongly
influence clinical manifestations of skin disease.

To gain more halistic insights into the spectrum of transcripts
tracking with SSc severity, we constructed correlation networks
with stringent effect size and false discovery rate control, as previ-
ously described (13,15,16), around the LASSO-selected bio-
markers (Figure 3l). Since LASSO identifies only a minimal set of
predictive markers, the construction of correlation networks
around the LASSO-selected biomarkers enabled us to identify
co-correlates that are also associated with SSc severity.
The correlation networks included biomarkers from across cell
types, including T cells and endothelial cells, which were not
included in the initial LASSO selection (Figure 3l). Intriguingly, in
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Figure 2. Cell types identified using single-cell RNA-sequencing data from the 24 systemic sclerosis patients. A, Uniform manifold approxima-
tion and projection (UMAP) analysis illustrating cell types identified using single-cell RNA-sequencing data from the 24 systemic sclerosis patients.
B, Dot plot in which the size of the dot represents the percentage of cells within a cell type, while the color represents the average expression level.

The top 2 cell type—specific differentially expressed genes are included in the plot.

addition to the same gene being, at times, correlated across cell
types, genes across different cell types were also correlated
(Figure 3I). These results provide insights into a broad range of cell
type—specific transcripts associated with SSc severity. They also
point to potential interactions between cells. For example, SAA1
expression by SFRP2-expressing fibroblasts correlated directly
with pericyte expression of CXCL3, MYOC/CCL19-expressing
fibroblast expression of CCL19, and proliferating keratinocyte
expression of KRT6A. These and other co-correlates between cell
populations suggest either a common factor is stimulating different
gene expression in the various cell types, or that a disease-
associated change in 1 cell type is acting upon and inducing the
observed altered gene expression by the other cell type(s).

Cell-intrinsic predictive biomarkers of SSc severity.
While our earlier model provides insights into biomarkers of SSc
severity spanning several cell types, we hypothesized that a

model that delves deeper into relevant cell types may perform
better than a model in which the input features span multiple cell
types and focus on the most variable genes across cell types.
To test this hypothesis, we built 3 separate models using genes
from only keratinocytes, fibroblasts, or myeloid cells. We chose
these 3 cell types based on prior evidence implicating fibroblasts
and myeloid cells in SSc and our results (shown in Figure 3)
suggesting that several genes expressed in keratinocytes track
with SSc severity.

Interestingly, each of the models built using genes from
keratinocytes and fibroblasts were significantly predictive of
SSc severity (Figures 4A and 4C). However, the model built on
myeloid cells was not significantly predictive of SSc severity
(Supplementary  Figure 4, https://onlinelibrary.wiley.com/
doi/10.1002/art.42536), suggesting that keratinocyte- and
fibroblast-specific genes are better biomarkers of SSc severity
than myeloid-specific genes.
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Figure 3. Uncovering robust biomarkers of systemic sclerosis (SSc) severity using pan cell-type LASSO models. A, Pan cell-type LASSO model for
SSc severity biomarkers constructed with high-variance genes. Performance was measured using leave-1-out cross-validation. Spearman’s correla-
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lular identity markers. Performance was measured using leave-1-out cross-validation. Spearman’s correlation coefficients between predicted skin

scores and true skin scores plotted. Permutation testing was used to assess
icantly predictive of MRSS among cellular identity markers across samples (E)

model significance. E-F, Heatmap of expression levels of genes signif-
and dot plot of their expression levels across cell types (F). G-H, Partial

least-squares discriminant analysis constructed using the biomarkers of SSc severity among high-variance genes across cell types (G) and among
cellular identity markers across cell types (H). High and low values were defined as greater than or less than the median, respectively. I, Correlation
network illustrating significant co-correlates of the biomarkers of SSc severity identified in the model in A. In box plots, boxes show the median and
interquartile range (IQR). Whiskers indicate 1.5 times the upper and lower IQRs. Symbols represent outliers. See Figure 1 for other definitions.

Notably, the keratinocyte-specific model used only
3 biomarkers (Figure 4B). These 3 markers, KRT5,
KRT6A, and APOE, are part of a tight correlation network
(Figure 4E and Supplementary Figure 3) that includes other
genes and whose expression levels track with SSc severity
and are involved in a range of functional processes. ZFP36

encodes tristetraprolin, an AU-rich element RNA binding pro-
tein that is up-regulated in wounded skin and controls
inflammatory cytokines as well as neoplastic processes in
keratinocytes (18,19). S100A2 regulates keratinocyte differ-
entiation through its interaction with p53 (20), and expres-
sion of the alarmin S100A8 is associated with increased
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Figure 4. Uncovering robust biomarkers of systemic sclerosis (SSc) severity using cell type—specific LASSO models. A, LASSO model for SSc
severity biomarkers specific to keratinocytes. Performance was measured using leave-1-out cross-validation. Spearman’s correlation coefficients
between predicted skin scores and true skin scores plotted. Permutation testing was used to assess model significance. B, Expression levels of
genes significantly predictive of modified Rodnan skin score (MRSS) corresponding to the model in A across samples. C, LASSO model for SSc
severity biomarkers specific to fibroblasts. Performance was measured using leave-1-out cross-validation. Spearman’s correlation coefficients
between predicted skin scores and true skin scores plotted. Permutation testing was used to assess model significance. D, Expression levels of
genes significantly predictive of MRSS corresponding to the model in C across samples. E-F, Correlation network (restricted to degree >2) illus-
trating significant co-correlates of the biomarkers of SSc severity identified in the model in A (E) and biomarkers of SSc severity identified in the
model in C (F). In box plots, boxes show the median and interquartile range (IQR). Whiskers indicate 1.5 times the upper and lower IQRs. See -

Figure 1 for other definitions.

keratinocyte proliferation and epithelial-mesenchymal transi-
tion (21).

The fibroblast-specific model included 11 biomarkers
(Figure 4D), which were part of a much larger correlation network
(Figure 4F and Supplementary Figure 3, https://onlinelibrary.wiley.
com/doi/10.1002/art.42536). Many of the co-correlated network
genes have been previously noted to correlate positively with the

MRSS, including CTGF, TNC, COL6A3, THBS1, COMP THY1,
PRSS23, and others (1-3,9,22,23). Coregulated expression of
several of these genes was seen in both fibroblast subpopula-
tions, such as TNC and COLBA3. As also seen in the mixed-cell
model, several metallothionein genes were part of the correlation
network. Notably, MT1X and MT2A were co-correlated in both
fibroblast subpopulations. Metallothionein genes regulate metal
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homeostasis, moderate oxidative stress, and block apoptosis
(24,25). They are transcriptionally regulated by metal ions, stress,
and hypoxia (26). A large number of other genes co-correlated
negatively with the MRSS, including CD34, IGFBP5, IGFBP6,
CD55, CFD, FBLN1, and others. Loss of CD34 has long been
recognized as a marker of skin disease in SSc (27) and has more
recently been associated with a transition to CD90/THY 1 -staining
cells, and the ratio of this expression has been shown to correlate
with the MRSS (22).

Surprisingly, the performance of the keratinocyte-specific
model was better than the fibroblast-specific model.
Our results suggest that while a larger number of genes in
fioroblasts track with SSc severity, they individually, as well as
collectively, associated less strongly with MRSS compared
to a smaller number of keratinocyte-specific biomarkers
(Supplementary Figure 2, https://onlinelibrary.wiley.com/doi/10.
1002/art.42536). Intriguingly, although the above models are pre-
dictive of SSc severity, they do not perform as well as the overall
model (Figures 3A, 3l, 4A, 4C). Our results suggest that while

individual cell type—specific biomarkers are informative of SSc
severity, a pan cell-type analysis can identify more robust
biomarkers. These findings reaffirm the need to perform pan
cell-type analyses as both cell-extrinsic and cell-intrinsic bio-
markers are associated with SSc severity.

Validation of the identified biomarkers of SSc
severity. Next, we sought to compare the identified biomarkers
from our single-cell RNA-sequencing data set with previously
identified biomarkers from bulk RNA-sequencing data sets. This
design achieves a 2-tier validation. First, this approach helps
compare biomarkers identified from a single cohort in this study
to correlates identified from a wide range of studies conducted
by multiple groups. Second, it also evaluates whether the identi-
fied biomarkers are robust to the choice of platform used to iden-
tify them (i.e., bulk versus single-cell RNA sequencing).

We first identified a list of biomarkers identified from a
spectrum of previous studies that had used bulk RNA sequencing
to identify correlates of SSc severity (1-3,8,22,23,28). An early
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Figure 5. Comparison of cell type—specific biomarkers identified in this study to previously identified biomarkers from bulk RNA sequencing.
A-C, Heatmaps illustrating correlations between the cell type—specific biomarkers identified in the pan cell-type model (A), in the keratinocyte-only
model (B), or in the fibroblast-only model (C) to previously identified biomarkers using bulk RNA sequencing. scRNA = single-cell RNA.
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study identified a 4-gene biomarker of SSc correlating with sever-
ity of skin disease, IFI44, COMP, THBS1, and SIGLEC1 (1). Rice
et al significantly expanded that signature, selecting genes based
on microarray gene expression data to include IGFBP3, ADAM12,
CTGF, IL13RA1, MS4A4A, THY1, WIF1, CD163, and CCL2 (2). In
a subsequent study, Stifano et al identified OSMR, SERPINET,
and CD14 as prognostic biomarkers of progressive skin
disease (3). We then examined the correlations of these bulk
RNA sequencing—based correlates with the single-cell RNA
sequencing-based biomarkers identified in the pan cell-type
model (Figure 5A) and the keratinocyte- and fibroblast-specific
models (Figures 5B and 5C, respectively). We visualized these
correlations in a heatmap. We found that most of the previous
biomarkers were significantly correlated with 1 or more of the
biomarkers we identified from our analyses (Figures 5A-5C).
However, this analysis additionally identified how these correlates

are distributed across 1 or more cell types. Furthermore, the cor-
relates identified from the single-cell RNA-sequencing analyses
are a minimal set that encapsulate the information from a wider
range of relatively weaker proxies previously identified via bulk
analyses.

We also examined the correlation of the newly identified cell
type—-specific biomarkers to the MRSS in previously generated
bulk gene expression data. Indeed, most of these biomarkers
identified in our cell type—specific model correlated with MRSS in
bulk skin RNA. For example, STC2 and KRT6A correlated
strongly with the MRSS, while IGFBP5 had a strong negative
correlation.  Others, lke KRT5, correlated moderately
(Supplementary Figure 2). The correlations of these genes in pre-
vious microarray studies are weaker than the correlations seen in
individual cell populations. This highlights the value of studying
gene expression by single-cell RNA sequencing, in which the

DAPI S100A8 KRT6A

HC

SScl

SSc2

SSc3

Figure 6. Staining of KRTBA and S100A8 in keratinocytes showing immunohistochemical detection of KRT6A and S100A8 in systemic
sclerosis (SSc) skin compared to healthy control (HC) skin. KRT6A was detected mainly by keratinocytes in the basal layer, but also extending
expression into suprabasal layers. ST100A8 expression in most SSc skin largely overlapped with KRT6A staining. However, in 1 SSc skin sample,
S100A8 was observed only in suprabasal keratinocytes. The intensity of staining of both proteins showed a positive trend correlating with the
modified Rodnan skin score of r = 0.75 (P = 0.086) for KRT6A and r = 0.74 (P = 0.093) for S100A8.
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RNA expression in individual cell types is not diluted by the
expression in the other skin cell populations.

In order to understand better the processes marked by
genes in the SFRP2-expressing fibroblast clusters, which we
have shown are likely progenitors to myofibroblasts (9), we reclus-
tered these cells and examined expression of key genes on fea-
ture plots. The expression of SAA1 in SFRP2+ cells marks a
population of differentiating SSc fibroblasts (Supplementary
Figure 1, https://onlinelibrary.wiley.com/doi/10.1002/art.42536).
This population is co-correlated with expression of PRSS23,
IGFBP2, and STC2 by SFPR2-expressing fibroblasts (Figure 3l).
Each of these markers define slightly different SFRP2+ fibroblast
populations that show transcriptomes that cluster increasingly
close to myofibroblasts (Supplementary Figure 1).

Validation of the keratinocyte-specific biomarkers.
To examine the relationship between keratinocyte markers at
the protein level, we stained SSc and healthy control skin for
KRT6BA and S100A8, 2 of the genes correlating with the MRSS
in various keratinocyte populations. Staining for these markers
was not detected in healthy control skin (n = 3), but was easily
detected in 5 of 6 SSc skin samples (Figure 6). KRT6A was
detected mainly by keratinocytes in the basal layer, but also
extending expression into suprabasal layers (Figure 6). S100A8
expression in most SSc skin samples largely overlapped with
KRTBA staining. However, in 1 SSc skin sample, S100A8 was
observed only in suprabasal keratinocytes while KRT6A was
expressed mainly in basal keratinocytes. The intensity of staining
of both proteins showed a positive trend correlating with the
MRSS (r = 0.75, P = 0.086 for KRT6A; r = 0.74, P = 0.093
for S100A8).

DISCUSSION

The clinical features of fibrotic, vascular, and immunologic
disease have typically focused on investigation of fibroblasts, vas-
cular, and immune cells in SSc. However, several recent studies
have noted that the epidermis in SSc patients is hyperplastic,
implicating keratinocytes in pathogenesis (29). Our current study
shows that gene expression from multiple cell populations con-
tributes to the most commonly used instrument for assessing
clinical skin disease severity, the MRSS. While the biomarkers
were identified at an individual time point, they provide insights
into the cross-talk across multiple cell types involved in the patho-
genesis process. Furthermore, beyond the individual biomarkers,
the correlation networks provide more holistic insights into intra-
cellular and extracellular coexpression networks underlying SSc
pathogenesis.

In past studies, we described biomarkers correlating strongly
with the MRSS that primarily represented genes from fibroblasts
and macrophages (1,2). Surprisingly, gene expression by
3 genes expressed by suprabasal and proliferating

keratinocytes correlated more highly with the MRSS than
genes from these populations. Previous studies have noted
altered regulation of selected keratins at the protein level
(80). KRT14 is normally restricted to the basal layer of kerati-
nocytes, while KRT6 and KRT16 are not expressed at detect-
able levels in normal skin. In SSc, these show sharply up-
regulated expression throughout the epidermis (KRT6 and
KRT14) or suprabasal epidermis (KRT16). This dysregulated
expression is reproduced in healing wounded skin (30). Simi-
lar changes have also been observed in radiation-induced
skin fibrosis (31). In addition, in a previous microarray study
of SSc skin, the “proliferative” signature associated with the
“diffuse proliferative” patient subset largely originated from
proliferating keratinocytes (32). This “proliferative” signature
was shown to correlate with the MRSS. Our results strongly
reinforce the relationship between altered keratinocyte differ-
entiation and gene expression in SSc skin. Differential expres-
sion of KRT6A is associated with proliferating keratinocytes.
Recent studies on epidermal equivalents show increased
expression of KRT6 and KRT16 in 3-D cultures of epidermis
generated from SSc patients compared to control skin (33).
Although these investigators did not observe increased prolif-
eration of basal cells, they attributed this to lower skin scores
of the patients studied. KRT6 and KRT16 are also up-
regulated in hyperproliferative psoriatic skin (34).

We recently identified PRSS23 as a marker for what
appears to be a first step in myofibroblast differentiation (9).
SAA1 marks a subgroup of PRSS23-expressing fibroblasts
on uniform manifold approximation and projection (UMAP)
analysis even more closely related to myofibroblasts. Although
these biomarkers identify static cell populations, the
co-coregulated genes STC2, PRSS23, IGFBP2, and SAAT
appear to show progressive differentiation of SSc fibroblasts.
This suggests that differentiation of SFRP2+ fibroblasts to
myofibroblasts is a more gradual or multistep process than
we had previously considered.

Down-regulated expression of IGFBP5 connected with
down-regulated expression of WISP2. WISP2 has been
observed previously to cluster with WIF1 in bulk microarray of
SSc skin (32). WIF1 is strongly negatively associated with the
MRSS in bulk microarray studies (2). WISP1 is expressed pri-
marily by SFRP2+ fibroblasts. Down-regulated MYOC expres-
sion also correlates with IGFBP5, while CCL19, correlating
positively with the MRSS, correlates negatively with IGFBP5.
MYOC- and CCL19-expressing fibroblasts represent closely
related fibroblast populations (9). MYOC is expressed in both
adventitial and interstitial regions, whereas CCL19 is
expressed mainly by adventitial fibroblasts. Thus, IGFBP5
appears to mark global changes in multiple fibroblast popula-
tions in SSc skin.

Our results indicate that altered keratinocyte gene
expression is a strong biomarker of clinical disease severity
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independent of previously defined biomarkers represented mainly
by dermal fibroblasts. Applying LASSO to DEGs from single-cell
populations, epidermal gene expression actually correlated more
highly with the MRSS than dermal fibroblast markers. This obser-
vation potentially enables shave biopsies for monitoring disease
activity in SSc patients. These correlations also open the possibil-
ity that the epidermis might be driving disease. Epidermal hyper-
plasia is seen in common skin diseases, such as atopic
dermatitis and psoriasis. Comparison of SSc basal cell gene
expression with these diseases may reveal similarities and differ-
ences in the underlying drivers of epidermal hyperplasia.

S100A9, the only myeloid hub gene in the combined-cell
LASSO analysis, is an alarmin highly expressed by FCN+ and
FCGR3A+ myeloid cells, which we have recently shown to be
up-regulated in SSc skin (10). STO0A9 co-correlates with metal-
lothionein genes in fibroblasts via a strong correlation with
THBS1. THBS1 is a strong biomarker for disease severity and
1 of 2 genes in our previously identified longitudinal biomarker of
disease severity (2). Like ST00A9, THBS1 is strongly up-regulated
in all myeloid cell populations in SSc skin, but THBS1 is also
strongly up-regulated in SFRP2-expressing fibroblasts, suggest-
ing that a similar factor is activating both of these cell populations.

Myeloid cell expression of CCL18 correlates with pericyte
expression of CXCL3. The prominent perivascular location of
most myeloid cells in SSc skin suggests that these coregulated
genes reflect an important cell-cell interaction. Both skin and
serum levels of CCL18 decline rapidly and dramatically upon
interleukin-6  (IL-6) inhibition (35). SAA1 expression by
SFRP2-expressing fibroblasts is also coregulated with pericyte
CXCL3. SAA1 is strongly induced by IL-6 (36), suggesting that
IL-6 is contributing to the regulation of this hub of genes in several
different cell types. Although we cannot find evidence in the litera-
ture indicating that CXCL3 is directly regulated by IL-6, lipopoly-
saccharides up-regulate pericyte expression of CXCL2, CXCLS,
and IL-6 (37), and a role for Toll-like receptor 4 in SSc pathogene-
sis has been suggested in several studies (23,38). In addition,
S1008A/S100A9 expressed by SSc skin myeloid cells stimulate
keratinocyte secretion of CXCL2 and CXCLS3, as well as IL-6
(89). Thus, this network suggests that innate immune stimulus,
such as a Toll-like receptor 4 agonist or alarmin, activates IL-6,
which in turn activates myeloid CCL18 and fibroblast SAA1
expression.

A limitation in the interpretation of the genes identified in this
study is that it focuses only on the most highly, differentially
expressed genes. These may not necessarily reflect the genes
most actively driving pathogenesis. However, these genes do
appear to provide important insights into cell-cell communica-
tions and robust markers of the disease process. Further investi-
gation is necessary to translate these robust correlative
relationships into actual mechanisms of disease pathophysiology.
Additionally, we did not consider the relationships of the identified
biomarkers to other clinical covariates for 2 reasons. First, the

coverage of clinical covariates is asymmetric and varies by cohort.
Second, clinical covariates alone are not sufficient to predict dis-
ease severity. Nevertheless, we demonstrated that the identified
cell type—specific biomarkers are sufficient to accurately predict
SSc severity even when clinical covariates are not included in the
analysis.
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